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ABSTRACT 19 
It has been hypothesized that the environment can influence the composition of the nasal microbiota. 20 
However, the direct influence of pig farming on the anterior and posterior nasal microbiota is unknown. 21 
Using a cross-sectional design, pig farms (n=28) were visited in 2014-2015 and nasal swabs from 43 pig 22 
farmers and 56 pigs as well as 27 air samples taken in the vicinity of pig enclosure were collected. As 23 
controls, nasal swabs from 17 cow farmers and 26 non-animal exposed individuals were also included. 24 
Analyses of the microbiota were performed based on 16S rRNA amplicon sequencing and the DADA2 25 
pipeline to define sequence variants (SVs). We found that pig farming is strongly associated with specific 26 
microbial signatures (including alpha- and beta-diversity), which are reflected in the microbiota of the 27 
human nose. Furthermore, the microbial communities were more similar within the same farm as 28 
compared to between the different farms, indicating a specific microbiota pattern for each pig farm. In 29 
total, there were 82 SVs that occurred significantly more abundantly in samples from pig farms than from 30 
cow farmers and non-exposed (i.e. the core pig farm microbiota). Of those, nine SVs were significantly 31 
associated with the posterior part of the humans’ nose. The results strongly indicate that pig farming is 32 
associated with a distinct human nose microbiota. Finally, the community structures derived by the 33 
DADA2 pipeline showed an excellent agreement with the outputs of the mothur pipeline which was 34 
revealed by procrustes analyses. 35 
Importance 36 
The knowledge about the influence of animal keeping on the human microbiome is important. Previous 37 
research shows that pets are significantly affecting the microbial communities of humans. However, the 38 
effect of animal farming on the human microbiome is less clear although it is known that the air in farms, 39 
and in particular pig farms, is charged with high amounts of dust, bacteria and fungi. In this study we 40 
have simultaneously investigated the nasal microbiota of pigs, humans and the environment in pig farms. 41 
We reveal an enormous impact of pig farming on the human nasal microbiota which is far more 42 
pronounced as compared to cow farming. In addition, we have analyzed the airborne microbiota and 43 
found significant associations suggesting an animal-human transmission of the microbiota within pig 44 
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farms. We also reveal that microbial patterns are farm-specific suggesting that the environment 45 
influences animals and humans in a similar manner. 46 
 47 
  48 
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INTRODUCTION 49 
The human nares are an important niche for bacterial colonization by both, pathogens and commensals 50 
and it is one of the main interfaces between the internal body and the external environment. Pig farmers 51 
are exposed to a complex and heterogeneous environment including large amounts of bacteria on a 52 
daily basis (1) and swine represent a potential reservoir for many pathogens which can be transmitted to 53 
humans, such as Streptococcus suis and Clostridium difficile (2). Also, there is a growing concern with 54 
the transmission of antibiotic resistant bacteria, such as methicillin-resistant Staphylococcus aureus 55 
(MRSA) in pig farms and other livestock-associated areas (3-7). A considerable number of studies has 56 
been published, showing transmission of these bacteria from pigs to humans (for reviews, see 2, 8, 9, 57 
10). However, previous studies mainly focused on the investigation of only one or two bacterial species 58 
and were culture–dependent, but the overall impact on the entire human microbiota has never been 59 
investigated.  60 
A recent study investigated 25 households containing 56 pets and 30 humans and revealed that 61 
household membership was strongly associated with microbial communities, in both humans and pets, 62 
using culture-independent, next generation sequencing methods (11). In another, longitudinal study, 63 
evidence for substantial exchanges among human, home, and pet microbiota were shown as well (12). 64 
The authors concluded that such interactions could have considerable human and animal health 65 
implications. Some studies have also shown that living or working with animals can protect against 66 
asthma and atopic diseases due to the exposure to specific animal microorganisms (13, 14). However, 67 
despite the relevance, the pattern of the microbiota exchange among animals, humans and environment 68 
in pig farms has never been investigated. The aims of our study were to 1) describe the influence of pig 69 
farming on the human nasal microbiota, 2) identify the sequence variants (SVs) predominantly shared 70 
between pigs, air from the pig enclosure and pig farmers, 3) identify which of the latter were significantly 71 
associated with either the posterior or anterior nasal cavities of pig farmers and 4) to compare the 72 
findings derived by DADA2 with the outputs of the more traditionally used mothur pipeline.  73 
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RESULTS 74 
Characterization of study cohort and sequence analysis 75 
Details of the sampling population can be found in Table 1. In total, 28 pig farms were visited, on which 76 
one to three pigs (total n=56), one air sample (total n=27) and one to four pig farmers (total n=43) were 77 
sampled (Table 1). As control, individuals with contact to cows but no contact to pigs (cow farmers, 78 
n=17), and individuals without contact to any type of farm animal (non-exposed persons, n=26) working 79 
in offices were chosen to assess the effect of pig exposure on the human nasal microbiota. All 80 
individuals were recruited in the same geographical area and were roughly age-matched.  After 81 
exclusion of 17 samples due to PCR amplification issues, 255 samples with a total of 9,692,391 reads 82 
were included in our study. The mean number of reads per sample was 38,009 (± standard deviation 83 
19,412) ranging from 2,243 to 120,642 reads. Reads were clustered into a total of 13,585 SVs 84 
(Sequence Variants). Sequencing depth was sufficient, as determined by the low slope of the rarefaction 85 
curves (Supplementary Fig. S1).  86 
Pig farming is associated with increased diversity  87 
All 13,585 SVs were grouped into 43 phyla and 310 families and the phyla Actinobacteria, Bacteroidetes, 88 
Firmicutes and Proteobacteria included the majority of all SVs (at least 97% mean relative abundance for 89 
all sample groups). Pig-farmer nasal samples showed the highest Shannon diversity indices and 90 
richness, while non-exposed samples displayed the lowest SDI and richness values (Fig. 1, A and B). To 91 
take into account that multiple samples were collected on the same farms, we additionally performed a 92 
linear mixed regression with the location ID as random effect to compare the differences between 93 
groups. The overall model was significant (analysis of variance; SDI P value<0.001, richness P 94 
value<0.001), and revealed that the bacterial richness in nasal samples from pig farmers was 95 
significantly higher than those of non-exposed individuals (SDI: P < 0.001; richness: P < 0.001), air 96 
samples (SDI: P = 0.03; richness: P = 0.001), and pig nasal samples (SDI: P < 0.001; richness: P < 97 
0.001). The alpha diversity in cow farmers was nearly as high as in pig farmers and the differences were 98 
also significant when compared to non-exposed (SDI: P < 0.001; richness: P < 0.001) and pig nasal 99 
samples (SDI: P = 0.003; richness: P = 0.002).  100 
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Pig farming influences the microbial community composition 101 
The ordination method based NMDS plots with weighted and unweighted input (Fig. 1, C and D) showed 102 
a distinct clustering of pigs, air, pig farmers, cow farmers and non-exposed and was confirmed by 103 
permutational multivariate analysis of variance (PERMANOVA, unweighted: F-value: 0.15, P < 0.001, 104 
weighted: F-value: 0.18, P < 0.001). Profiles of cow farmers were more similar to non-exposed controls 105 
as compared to pig farmers, indicating a very strong effect of pig farming on the human microbiota. 106 
Analysis of similarity (ANOSIM) further confirmed the strong differences between pig farmer and cow 107 
farmer/non-exposed samples (Supplementary table S1). Interestingly, pig farmers seemed to display a 108 
significantly lower beta-diversity dispersion as compared to cow farmers and non-exposed individuals 109 
(weighted distances from the centroid; Tukey’s HSD test; P < 0.001; Fig. 1, E), indicating that pig farming 110 
leads to a more homogenous microbial community structure. All comparisons of unweighted distances 111 
from the centroid were non-significant (Tukey’s HSD tests; P < 0.05; Fig. 1, F), suggesting more of an 112 
effect of community structure than community composition on variation in beta-diversity across groups of 113 
samples. 114 
We next examined how many SVs were shared between sample types; 54% of all SVs occurring in pig 115 
farmers also occurred in pigs and/or air, whereas only 25% of the SVs from pig farmers were shared with 116 
cow farmers and/or non-exposed (Fig. 2, A and B). This illustrates that more SVs are shared within the 117 
same environment (pig farms) of the different sample types (pigs, air and pig farmers) than within the 118 
same sample type (humans) of the different environments (pig farms, cow farms and offices). 119 
Within-farm as compared to between-farm dissimilarity is reduced  120 
In order to investigate if the microbiota in pig farm samples is influenced by the farm (location ID), we 121 
compared pairwise distances between samples originated from the same farm (within farm) and between 122 
samples originating from different farms (between farms) (Fig 3, A and B). All “within” distances were 123 
significantly lower than the “between” distances (Kruskal-Wallis rank sum tests with BH correction (15); 124 
all P < 0.001), strongly indicating the existence of an effect of farm location on the microbiota. This was 125 
true within (Fig. 3, left side of dotted line) but also between (Fig. 3, right side of dotted line) different 126 
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sample types. However, as expected, the values for the within-dissimilarities for a given host (Fig. 3; pigs 127 
vs pigs and pig farmers vs pig farmers) were generally smaller than values observed between sample 128 
types. 129 
Identification of SVs significantly associated to pig farming (core pig farm microbiota) 130 
Performing an omnibus test (PERMANOVA) with all factors and all samples (n=255) revealed overall 131 
significant factor effects on community variation (P = 0.001, with and without stratifying for farm ID). Thus 132 
we next analyzed the SVs which were associated with the changes performing three different analyses. 133 
First, SVs that where significantly associated with samples from pig farms were identified by screening 134 
all SVs for significantly higher abundance in pigs, air and pig farmers as compared to cow farmers, by 135 
applying pairwise Mann-Whitney-Wilcoxon Tests followed by BH correction for multiple testing(15). A 136 
total of 82 SVs were identified with significantly higher abundance in samples from pig farms compared 137 
to cow farmers and this low abundance was also present in non-exposed (Fig. 4, A). Second, we 138 
conducted a similar approach using frequency (presence-absence) data as input, using Fisher’s exact 139 
test with BH correction. Eighty-one SVs were identified in both approaches and one SV (SV125) was 140 
identified only by the approach based on relative abundances (Supplementary table S2). Finally we 141 
performed an ANOVA-Like Differential Expression (ALDEx) analysis for the analysis of the proportional 142 
data (16, 17). Effect size plots showing the within and between differences of SVs between the 143 
respective groups are shown in the Supplementary Fig. S2 A-C. Overall 41 SVs (50%) were significant 144 
for all three analyses and 9SVs were newly identified with ALDEx (Supplementary Fig. S3 and 145 
Supplementary table S2).  146 
Differences and similarities of the microbiota between anterior and posterior nasal samples 147 
After having identified large microbiota differences in the anterior nasal cavities associated with pig 148 
farming, we subsequently analyzed if there were also associations with the posterior part of the nose. 149 
For this, we again first performed an omnibus test (PERMANOVA, nested per individual) with all SVs 150 
from pig farmer samples (n=86) which showed an overall significance (P = 0.001) between anterior and 151 
posterior in each individual. We next analyzed all the 82 SVs that were identified as being specific for pig 152 
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farming. In total, 9 out of 82 SVs were significantly more abundant in the posterior than in the anterior 153 
part of the nose, and included SVs from the bacterial families of Prevotellaceae and Veillonellaceae 154 
(Wilcoxon singed rank tests with BH correction (15) (Fig. 4B; P < 0.05). We then analyzed the ten most 155 
abundant SVs (Supplementary Fig. S4), and mainly SVs from Corynebacteriaceae and 156 
Staphylococcaceae were more frequently found in the anterior as compared to the posterior part of the 157 
nose (Supplementary Fig. S4).  158 
Analysis of sequencing data using the mothur pipeline 159 
Finally, we compared our findings from the DADA2 with the mothur pipeline. As for mothur, the final 160 
mean number of reads per sample was 34232 (95% Confidence Interval: ±2117) ranging from 3340 to 161 
109182 reads and the sequences were clustered into a total of 31951 OTUs (Operational taxonomic 162 
units). After rarefying, 10553 OTUs were left with 3340 reads per sample. These OTUs clustered into 41 163 
phyla and 310 families respectively. The taxonomic profiles were very similar to the profiles obtained with 164 
DADA2 (Supplementary Fig. S5, A-D), except for a slightly higher abundance of “Others” for the samples 165 
analysed using mothur. We also noted a very high correlation between DADA2 and mothur in case of 166 
alpha- and beta-diversity. Richness (R2=0.68) and SDI (R2=0.92) showed strong positive linear 167 
relationships between values based on DADA2 and mothur (Figure 5, A and B). The Procrustes analysis 168 
comparing beta-diversity values from these two pipelines (Figure 5, C-F) also showed a strong 169 
correspondence between these two datasets for both Jaccard and Ružička dissimilarity (Procrustes 170 
symmetric correlation: Jaccard: 0.95, P=0.001; Ružička: 0.91, P=0.001). The number of procrustes 171 
residuals were evenly distributed between the investigated sample types (Figure 5, D and F). 172 
 173 
  174 
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DISCUSSION 175 
This cross-sectional study investigated the relationships between pig farming and the composition of the 176 
nasal microbiota of farmers. We revealed an increased bacterial richness and diversity in the anterior 177 
nose of pig farmers as compared to cow farmers and non-exposed control group. In addition, beta-178 
diversity analyses revealed significant differences in the composition of the nasal microbiota of these 179 
human groups. Samples from within the pig farms shared more of their microbiota as compared to the 180 
samples from between farms. We were also able to identify the SVs that were significantly associated 181 
with pig farming and the SVs which were predominantly more abundant in posterior than in anterior 182 
nasal cavities of the pig farmers.  183 
The found differences in alpha-diversity suggest that farmers raising pigs have an increased bacterial 184 
diversity in their nose as compared to non-exposed individuals and to farmers working on a cow farm. A 185 
possible explanation is that the high concentration of diverse aerosolized bacteria present in pig barns 186 
leads to a modification and an enrichment of the “natural” farmer’s nasal microbiota. Therefore, it 187 
appears that the establishment of this modified microbial community could be a “finger print” of the nasal 188 
microbiota of pig farmers. As for changes in community structure (beta diversity), we revealed that 189 
samples from pigs, air and pig farmers form distinct, yet related clusters, which are all clearly separated 190 
from samples from cow farmers and non-exposed office workers. It becomes obvious from our data that 191 
pig farming is associated with stronger divergence of the human nasal microbiota as compared to cow 192 
farming. These findings could be explained by the fact that pig farmers spend more time in a confined 193 
environment with the animals than cow farmers and by the fact  that airborne dust concentration are 194 
higher in pig than in cow farms (18).   It has been shown that pets can share a small part of their 195 
microbiota with their owners by hypothesized, frequent direct contacts (11, 19). However, our study data 196 
strikingly points out that airborne microbiota may indeed play an important role in this microbial transfer. 197 
Moreover, we also show that the extent of microbiota sharing between pigs and farmers is remarkable. 198 
We additionally found that samples from the farmers working on the same farm shared more of their 199 
microbiota than they do with individuals from different farms. This was true not only for pig farmers, but 200 
also when comparing air samples and pigs from the same farm, hinting at the existence of an even more 201 
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pronounced farm-specific microbiome. Similarly, it has been shown that household members shared 202 
more of their microbiota than they do with individuals from different households (12, 19). In our study, the 203 
degree of shared microbiota was again large and the type of farm management practices could be 204 
influential. Indeed, it has been already shown that farm management (diet and antimicrobial use) 205 
influenced the nasal microbiota of pigs (20). Therefore, we can suppose that the management and the 206 
farm characteristics can also have an influence on the air quality of the barn. Humans inhale 10,000L of 207 
air per day and airborne bacteria may have a direct effect on the nasal bacterial communities of humans 208 
(21). Furthermore, it is known that the air in farms, and in particular pig farms, is charged with high 209 
amounts of dust, bacteria and fungi (as shown in this and other studies (22, 23)) and that the 210 
concentration of airborne bacteria can be 2 x 107 times higher than the level usually measured in indoor 211 
air  (24). 212 
Our results strikingly revealed a very high number of SVs shared between the pigs, air and the pig 213 
farmers, indicating a frequent exchange of members of the microbiota and suggesting that air could play 214 
an important role in the transmission of animal-associated bacteria to the farmers, too. Among these 215 
SVs, Veillonellaceae and Lactobacillaceae were the most abundant groups in pigs, air, and pig-farmers. 216 
Lactobacillaceae and Veillonellaceae have been found in the nares of both healthy pigs and humans (20, 217 
25-27). We also simultaneously sampled the posterior and anterior nasal cavities of the human 218 
participants. This is important as spatial variation in nasal microbial communities has been highlighted  219 
(28), although in another study, the bacterial composition did not significantly change along the nasal 220 
passage (29). In addition, the microbiota of the posterior cavity should reflect a more persistent (vs 221 
transient) colonization than that of anterior cavity. Our data shows, that the microbiota between anterior 222 
and posterior differ and that there are some SVs which are associated with either of the two sites. 223 
The farmer’ s respiratory tract also receives a lot of attention due to the hygiene hypothesis 224 
demonstrating that growing up on a farm may be protective against allergies and asthma (13). This has 225 
been shown to be very significant in the case of pig farming (30). Therefore, SVs associated with pig 226 
farming identified in this study which were found in higher abundance in the posterior region of the nose, 227 
could hypothetically be protective against asthma development.  Indeed, many SVs found in our study 228 
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have been associated with respiratory health rather than disease, like asthma (31-34). Therefore, these 229 
SVs could have potential protective implication for allergic and atopic diseases. However, as  we only 230 
included healthy adult subjects, differences in the nasal microbiota that were associated to certain 231 
occupational health problems and/or health benefits (e.g. atopic and allergic diseases) were not 232 
investigated. 233 
Within this study, we decided to use the DADA2 algorithm rather than the more known 97% Operational 234 
Taxonomic Units (OTU) approach. The DADA2 algorithm has been shown to produce a higher resolution 235 
of microbial populations when applied to 16S rRNA gene sequences as compared to the popular 236 
clustering into OTU as implemented in mothur or QIIME pipelines (35). The resulting SVs only contain 237 
one read per SV, making additional analysis steps, such as oligotyping, unnecessary (36). Even though 238 
DADA2 leads to a decrease in alpha-diversity, it does not lead to changes in the community structure, 239 
which makes the approach comparable to results produced by other clustering algorithms (35, 37). By 240 
comparing DADA2 with mothur in our study, we can clearly confirm the later statement as shown in our 241 
procrustes analyses. 242 
This study has some major strengths: By taking into account all potential confounding factors (season, 243 
age, geographical region); we reliably demonstrated, that pig farming has an extensive effect on the 244 
human nasal microbiota and we were able to reveal the specific SVs which were associated to these 245 
changes.  Moreover, recruiting cow farmers as control group allowed ascertaining that the observed 246 
differences are linked to the close contact to pigs and not simply by the lifestyle associated with living on 247 
a farm. By including multiple samples from identical farms, we additionally were able to reveal the 248 
existence of a pronounced farm-specific microbiome by observing more similarity between the 249 
microbiota within a same farm than between the different farms. Finally we also included microbiota 250 
analysis of posterior nasal samples, and bacteria from this region of the nose are more likely to be 251 
relevant for the respiratory tract microbiota and community disturbance which could lead to potential 252 
dysbiosis (34, 38). 253 
There are limitations to this study, too. We only included healthy adult subjects. We were thus not able to 254 
investigate differences in the nasal microbiota that were associated to certain occupational health 255 
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problems (e.g. atopic and allergic diseases). Therefore the relevance of the distinct microbiota needs to 256 
be studied in the future with different experimental designs. In addition, we did not perform longitudinal 257 
sampling, and, therefore, were not able to investigate the temporal stability of the different microbiota. 258 
Finally, as this was a ‘field study’, we did not perform some additional upper or even lower respiratory 259 
tract sampling. This would more clearly reveal the composition of the respiratory tract microbiota as 260 
shown before (32, 33). 261 
In conclusion, we have identified that pig farming has an extensive effect on the human nasal microbiota 262 
and we were able to reveal the specific SVs associated to these changes. The relevance and stability of 263 
these changes need to be investigated in the future. 264 
Materials and Methods 265 
Study design and sampling 266 
Ethical clearance for this study was sought and obtained from Human Research Ethics Committee of the 267 
Canton Vaud (243/14 and P_2017-00265) and the Veterinary Ethics Committee of the Canton Vaud 268 
(VD2903). Sample collection was conducted between October 2014 and March 2015 in the western part 269 
of Switzerland. We focused on the winter season as hypothesized that, the doors etc. may be more likely 270 
to be closed and, therefore, the pig farmers are more exposed to the indoor bacterial communities.  271 
Related to this, it has been described that there is a decrease in some of the air contaminants during 272 
summer of swine confinement buildings. In total, 28 pig farms were visited and nasal swabs from 273 
suckling or weaning pigs were obtained by swabbing their noses using sterile cotton swabs. The piglets 274 
rather than pigs were chosen for ease of handling and sampling. The pig farmers collected two swabs, 275 
outside the pig barn, from their left nares (anterior and posterior) themselves under supervision of the 276 
study personnel. In addition, personal information was collected in a questionnaire. Airborne bacteria 277 
were sampled with a Coriolis μ air sampler (Bertin Technologies, Montigny-le-Bretonneux, France), 278 
positioned approximately one meter above ground in the middle of the pig house and the airborne 279 
particles of a total of 3 m3 air (0.3 m3/min for 10 minutes) were collected into a sterile cone containing 15 280 
ml 0.005% Triton X-100 solution. As controls, 17 cow farmers and 26 non-farming individuals, having no 281 
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contact with any type of farm animal, were included. All samples were immediately transported to the 282 
laboratory in a cold box (4 °C), and stored at -20 °C until further analysis. DNA extraction, amplification 283 
and sequencing were done as outlined in the supplementary material. In brief, the V4 region of the 16S 284 
rRNA gene was amplified using forward (5’-GTGCCAGCMGCCGCGGTAA-3’) and reverse (5’-285 
GGACTACHVGGGTWTCTAAT-3’) primers previously described (39) and modified with an Illumina 286 
adaptor sequence at the 5’ end. Samples were submitted to the Next Generation Sequencing Platform 287 
for indexing and pair-end 2x250 bp sequencing (Reagent Kit v2) on the Illumina MiSeq platform (San 288 
Diego, USA). The reads were deposited at the National Center for Biotechnology Information Sequence 289 
Read Archive (accession no. PRJEB21578). Reads were analyzed using the DADA2 package version 290 
1.5.0 and workflow (35) in R version 3.1.2 (http://www.R-project.org) as illustrated in the supplementary 291 
material. The output of DADA2 consist of exact SVs which replace the traditional OTUs received by 292 
more ‘traditional’ pipelines like Mothur. Using DADA2, no rarefying of sequence reads was necessary. 293 
Alpha-, beta-diversity analyses and identification of SVs associated with pig farming 294 
If not otherwise stated, all calculations were performed in R utilizing functions from R base or the vegan 295 
package. We did not rarefy our sequences for downstream analyses as the DADA2 algorithm drastically 296 
reduces the issues of having different sequencing depths for the samples being compared, which is the 297 
main reason for rarefying. Alpha-diversity (within-sample diversity) was assessed by calculating richness 298 
and Shannon Diversity Indices (SDIs), using the functions estimateR and diversity. Linear regression 299 
models with a random effect to correct for clustering on the location level was used to test for statistical 300 
significances between sample types (lmer function from the lmeTest package) and overall significance of 301 
these models was confirmed with analyses of variance (anova function)  302 
Beta-diversity (between-sample diversity) was measured by the weighted Ružička index (abundance-303 
based) and the unweighted Jaccard index (presence/absence-based) of dissimilarity. Ružička is also 304 
called the quantitative version of Jaccard and unlike Bray-Curtis which is semimetric, is metric and 305 
probably should be preferred (http://cc.oulu.fi/~jarioksa/softhelp/vegan/html/vegdist.html).  306 
Pairwise distances between samples were calculated using the vegdist function and the resulting 307 
matrices were used to generate non-metric multidimensional scaling (NMDS) plots (metaMDS function) 308 
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and dissimilarity boxplots. Significant groupings between samples were assessed by a permutational 309 
multivariate analysis of variance using 1000 Monte Carlo permutation tests (PERMANOVA; adonis 310 
function). Analyses of similarities were performed to test for significant differences between groups of 311 
samples using 1000 Monte Carlo permutation tests (ANOSIM; anosim function), followed by Bonferroni 312 
correction for multiple testing. Both PERMANOVA and ANOSIM were performed as hierarchical models 313 
with nesting at the farm level to address the fact that several samples originated from the same farm. 314 
The extent of beta-diversity dispersion for each sample group was determined by calculated as the 315 
average distance (based on Jaccard and Ružička index) to the sample type’s centroid using the 316 
betadisper function (40), and significant differences were assessed with Tukey’s Honest Significant 317 
Difference Test (TukeyHSD function). Significant differences between the groups in the dissimilarity 318 
boxplots were assessed by Kruskal-Wallis rank sum tests with Benjamini-Hochberg (BH) correction for 319 
multiple testing (15). Boxplots and NMDS plots were generated in R utilizing the ggplot2 package and 320 
Venn diagrams were created with help of the VennDiagram package.  321 
The identification of SVs associated with pig farming and of SVs associated with either the anterior or 322 
posterior nasal cavities is described in the supplementary file. This includes the ANOVA-Like Differential 323 
Expression (ALDEx) Analysis in R to analyses proportional data using the aldex2 package as described 324 
(17). 325 
Comparison of the pipelines DADA2 and mothur  326 
We also compared the findings from the DADA2 with the mothur pipeline as illustrated in the 327 
supplementary material. In brief, reads of all samples were additionally analyzed using the mothur 328 
software (version 1.36.1) (41) as indicated in the MiSeq standard operating procedure (42).  Unlike with 329 
DADA2, the data was normalized by random subsampling of sequences resulting in 3340 reads per 330 
sample. Beta-diversity comparison was accomplished by using Procrustes transformations with non-331 
metric multidimensional scaling (NMDS) ordinations (based on Jaccard and Ružička indeces of 332 
dissimilarity) as input. The plots were obtained by using the procrustes function and the significance 333 
between the two configurations was confirmed with the protest function.  334 
 335 
 o
n
 February 23, 2018 by Universitaetsbibliothek Bern
http://aem
.asm
.org/
D
ow
nloaded from
 
15 
 
 336 
Funding:  This work was supported by Swiss National Science Foundation (SNF) grant 310030_152880 337 
to MH and AO.  338 
Acknowledgements 339 
We are grateful to all the participants in this study and we thank Pascal Wild for his help with statistical 340 
analyses. 341 
  342 
 o
n
 February 23, 2018 by Universitaetsbibliothek Bern
http://aem
.asm
.org/
D
ow
nloaded from
 
16 
 
References 343 
1. Poole JA. 2012. Farming-associated environmental exposures and effect on atopic diseases. Ann Allergy 344 
Asthma Immunol 109:93-8. 345 
2. Smith TC, Harper AL, Nair R, Wardyn SE, Hanson BM, Ferguson DD, Dressler AE. 2011. Emerging swine 346 
zoonoses. Vector Borne Zoonotic Dis 11:1225-34. 347 
3. Wardyn SE, Forshey BM, Farina SA, Kates AE, Nair R, Quick MK, Wu JY, Hanson BM, O'Malley SM, Shows 348 
HW, Heywood EM, Beane-Freeman LE, Lynch CF, Carrel M, Smith TC. 2015. Swine Farming Is a Risk Factor 349 
for Infection With and High Prevalence of Carriage of Multidrug-Resistant Staphylococcus aureus. Clin 350 
Infect Dis 61:59-66. 351 
4. Crombe F, Argudin MA, Vanderhaeghen W, Hermans K, Haesebrouck F, Butaye P. 2013. Transmission 352 
Dynamics of Methicillin-Resistant Staphylococcus aureus in Pigs. Front Microbiol 4:57. 353 
5. Fluit AC. 2012. Livestock-associated Staphylococcus aureus. Clin Microbiol Infect 18:735-44. 354 
6. Oppliger A, Moreillon P, Charriere N, Giddey M, Morisset D, Sakwinska O. 2012. Antimicrobial resistance 355 
of Staphylococcus aureus strains acquired by pig farmers from pigs. Appl Environ Microbiol 78:8010-4. 356 
7. Kraemer JG, Pires J, Kueffer M, Semaani E, Endimiani A, Hilty M, Oppliger A. 2017. Prevalence of 357 
extended-spectrum beta-lactamase-producing Enterobacteriaceae and Methicillin-Resistant 358 
Staphylococcus aureus in pig farms in Switzerland. Sci Total Environ 603-604:401-5. 359 
8. Desrosiers R. 2011. Transmission of swine pathogens: different means, different needs. Anim Health Res 360 
Rev 12:1-13. 361 
9. Pappas G. 2013. Socio-economic, industrial and cultural parameters of pig-borne infections. Clin Microbiol 362 
Infect 19:605-10. 363 
10. Żukiewicz-Sobczak WA, Chmielewska-Badora J, Wróblewska P, Zwoliński J. 2013. Farmers’ occupational 364 
diseases of allergenic and zoonotic origin. Advances in Dermatology and Allergology/Postȩpy 365 
Dermatologii i Alergologii 30:311-5. 366 
 o
n
 February 23, 2018 by Universitaetsbibliothek Bern
http://aem
.asm
.org/
D
ow
nloaded from
 
17 
 
11. Misic AM, Davis MF, Tyldsley AS, Hodkinson BP, Tolomeo P, Hu B, Nachamkin I, Lautenbach E, Morris DO, 367 
Grice EA. 2015. The shared microbiota of humans and companion animals as evaluated from 368 
Staphylococcus carriage sites. Microbiome 3:2. 369 
12. Lax S, Smith DP, Hampton-Marcell J, Owens SM, Handley KM, Scott NM, Gibbons SM, Larsen P, Shogan 370 
BD, Weiss S, Metcalf JL, Ursell LK, Vazquez-Baeza Y, Van Treuren W, Hasan NA, Gibson MK, Colwell R, 371 
Dantas G, Knight R, Gilbert JA. 2014. Longitudinal analysis of microbial interaction between humans and 372 
the indoor environment. Science 345:1048-52. 373 
13. Ege MJ, Mayer M, Normand AC, Genuneit J, Cookson WO, Braun-Fahrlander C, Heederik D, Piarroux R, 374 
von Mutius E, Group GTS. 2011. Exposure to environmental microorganisms and childhood asthma. N 375 
Engl J Med 364:701-9. 376 
14. von Mutius E, Vercelli D. 2010. Farm living: effects on childhood asthma and allergy. Nat Rev Immunol 377 
10:861-8. 378 
15. Benjamini Y, Hochberg Y. 1995. Controlling the False Discovery Rate: A Practical and Powerful Approach 379 
to Multiple Testing. Journal of the Royal Statistical Society Series B (Methodological) 57:289-300. 380 
16. Gloor GB, Reid G. 2016. Compositional analysis: a valid approach to analyze microbiome high-throughput 381 
sequencing data. Can J Microbiol 62:692-703. 382 
17. Gloor GB, Wu JR, Pawlowsky-Glahn V, Egozcue JJ. 2016. It's all relative: analyzing microbiome data as 383 
compositions. Ann Epidemiol 26:322-9. 384 
18. Basinas I, Sigsgaard T, Kromhout H, Heederik D, Wouters IM, Schlunssen V. 2015. A comprehensive review 385 
of levels and determinants of personal exposure to dust and endotoxin in livestock farming. J Expo Sci 386 
Environ Epidemiol 25:123-37. 387 
19. Song SJ, Lauber C, Costello EK, Lozupone CA, Humphrey G, Berg-Lyons D, Caporaso JG, Knights D, 388 
Clemente JC, Nakielny S, Gordon JI, Fierer N, Knight R. 2013. Cohabiting family members share microbiota 389 
with one another and with their dogs. Elife 2:e00458. 390 
20. Weese JS, Slifierz M, Jalali M, Friendship R. 2014. Evaluation of the nasal microbiota in slaughter-age pigs 391 
and the impact on nasal methicillin-resistant Staphylococcus aureus (MRSA) carriage. BMC Vet Res 10:69. 392 
 o
n
 February 23, 2018 by Universitaetsbibliothek Bern
http://aem
.asm
.org/
D
ow
nloaded from
 
18 
 
21. Camarinha-Silva A, Jauregui R, Chaves-Moreno D, Oxley AP, Schaumburg F, Becker K, Wos-Oxley ML, 393 
Pieper DH. 2014. Comparing the anterior nare bacterial community of two discrete human populations 394 
using Illumina amplicon sequencing. Environ Microbiol 16:2939-52. 395 
22. Sowiak M, Bródka K, Buczyńska A, Cyprowski M, Kozajda A, Sobala W, Szadkowska-Stańczyk I. 2012. An 396 
assessment of potential exposure to bioaerosols among swine farm workers with particular reference to 397 
airborne microorganisms in the respirable fraction under various breeding conditions. Aerobiologia 398 
28:121-33. 399 
23. Mackiewicz B. 1998. Study on exposure of pig farm workers to bioaerosols, immunologic reactivity and 400 
health effects. Ann Agric Environ Med 5:169-75. 401 
24. Masclaux FG, Sakwinska O, Charriere N, Semaani E, Oppliger A. 2013. Concentration of airborne 402 
Staphylococcus aureus (MRSA and MSSA), total bacteria, and endotoxins in pig farms. Ann Occup Hyg 403 
57:550-7. 404 
25. Correa-Fiz F, Fraile L, Aragon V. 2016. Piglet nasal microbiota at weaning may influence the development 405 
of Glasser's disease during the rearing period. BMC Genomics 17:404. 406 
26. Espinosa-Gongora C, Larsen N, Schonning K, Fredholm M, Guardabassi L. 2016. Differential Analysis of the 407 
Nasal Microbiome of Pig Carriers or Non-Carriers of Staphylococcus aureus. PLoS One 11:e0160331. 408 
27. Slifierz MJ, Friendship RM, Weese JS. 2015. Longitudinal study of the early-life fecal and nasal microbiotas 409 
of the domestic pig. BMC Microbiol 15:184. 410 
28. Yan M, Pamp SJ, Fukuyama J, Hwang PH, Cho DY, Holmes S, Relman DA. 2013. Nasal microenvironments 411 
and interspecific interactions influence nasal microbiota complexity and S. aureus carriage. Cell Host 412 
Microbe 14:631-40. 413 
29. Wos-Oxley ML, Chaves-Moreno D, Jauregui R, Oxley AP, Kaspar U, Plumeier I, Kahl S, Rudack C, Becker K, 414 
Pieper DH. 2016. Exploring the bacterial assemblages along the human nasal passage. Environ Microbiol 415 
18:2259-71. 416 
30. Ege MJ, Frei R, Bieli C, Schram-Bijkerk D, Waser M, Benz MR, Weiss G, Nyberg F, van Hage M, Pershagen 417 
G, Brunekreef B, Riedler J, Lauener R, Braun-Fahrlander C, von Mutius E, team PS. 2007. Not all farming 418 
 o
n
 February 23, 2018 by Universitaetsbibliothek Bern
http://aem
.asm
.org/
D
ow
nloaded from
 
19 
 
environments protect against the development of asthma and wheeze in children. J Allergy Clin Immunol 419 
119:1140-7. 420 
31. Charlson ES, Bittinger K, Haas AR, Fitzgerald AS, Frank I, Yadav A, Bushman FD, Collman RG. 2011. 421 
Topographical continuity of bacterial populations in the healthy human respiratory tract. Am J Respir Crit 422 
Care Med 184:957-63. 423 
32. Garzoni C, Brugger SD, Qi W, Wasmer S, Cusini A, Dumont P, Gorgievski-Hrisoho M, Muhlemann K, von 424 
Garnier C, Hilty M. 2013. Microbial communities in the respiratory tract of patients with interstitial lung 425 
disease. Thorax 68:1150-6. 426 
33. Hilty M, Burke C, Pedro H, Cardenas P, Bush A, Bossley C, Davies J, Ervine A, Poulter L, Pachter L, Moffatt 427 
MF, Cookson WOC. 2010. Disordered Microbial Communities in Asthmatic Airways. PLoS ONE 5:e8578. 428 
34. Hilty M, Qi W, Brugger SD, Frei L, Agyeman P, Frey PM, Aebi S, Muhlemann K. 2012. Nasopharyngeal 429 
microbiota in infants with acute otitis media. J Infect Dis 205:1048-55. 430 
35. Callahan BJ, McMurdie PJ, Rosen MJ, Han AW, Johnson AJA, Holmes SP. 2016. DADA2: High-resolution 431 
sample inference from Illumina amplicon data. Nat Meth 13:581-3. 432 
36. Eren AM, Maignien L, Sul WJ, Murphy LG, Grim SL, Morrison HG, Sogin ML. 2013. Oligotyping: 433 
Differentiating between closely related microbial taxa using 16S rRNA gene data. Methods Ecol Evol 4. 434 
37. Kopylova E, Navas-Molina JA, Mercier C, Xu ZZ, Mahe F, He Y, Zhou HW, Rognes T, Caporaso JG, Knight R. 435 
2016. Open-Source Sequence Clustering Methods Improve the State Of the Art. mSystems 1. 436 
38. de Steenhuijsen Piters WA, Huijskens EG, Wyllie AL, Biesbroek G, van den Bergh MR, Veenhoven RH, 437 
Wang X, Trzcinski K, Bonten MJ, Rossen JW, Sanders EA, Bogaert D. 2016. Dysbiosis of upper respiratory 438 
tract microbiota in elderly pneumonia patients. ISME J 10:97-108. 439 
39. Caporaso JG, Lauber CL, Walters WA, Berg-Lyons D, Lozupone CA, Turnbaugh PJ, Fierer N, Knight R. 2011. 440 
Global patterns of 16S rRNA diversity at a depth of millions of sequences per sample. Proc Natl Acad Sci U 441 
S A 108 Suppl 1:4516-22. 442 
40. Anderson MJ. 2006. Distance-based tests for homogeneity of multivariate dispersions. Biometrics 62:245-443 
53. 444 
 o
n
 February 23, 2018 by Universitaetsbibliothek Bern
http://aem
.asm
.org/
D
ow
nloaded from
 
20 
 
41. Schloss PD, Westcott SL, Ryabin T, Hall JR, Hartmann M, Hollister EB, Lesniewski RA, Oakley BB, Parks DH, 445 
Robinson CJ, Sahl JW, Stres B, Thallinger GG, Van Horn DJ, Weber CF. 2009. Introducing mothur: open-446 
source, platform-independent, community-supported software for describing and comparing microbial 447 
communities. Appl Environ Microbiol 75:7537-41. 448 
42. Kozich JJ, Westcott SL, Baxter NT, Highlander SK, Schloss PD. 2013. Development of a dual-index 449 
sequencing strategy and curation pipeline for analyzing amplicon sequence data on the MiSeq Illumina 450 
sequencing platform. Appl Environ Microbiol 79:5112-20. 451 
 452 
 453 
 o
n
 February 23, 2018 by Universitaetsbibliothek Bern
http://aem
.asm
.org/
D
ow
nloaded from
 
21 
 
Table 1: Characteristics of the study population 454 
location 
number 
No. of 
sampled 
indivi-
duals 
No. of 
sampled 
male 
individuals 
No. of 
sampled 
smokers 
Mean age of 
sampled 
individuals
a 
(s.d.) 
No. of 
samp-
led pigs 
Total No. 
of pigs on 
farm 
No. of air 
samples 
(pig barn) 
pig farm        
1 2 2 0 34 (11) 3 920 1 
2 1 1 0 65 2 80 1 
3 2 1 0 40 (1) 2 350 1 
4 1 1 0 33 2 435 1 
5 1 1 0 71 2 240 1 
6 1 1 0 45 2 80 1 
7 1 1 0 54 2 90 1 
8 1 1 0 50 2 120 1 
9 1 1 0 48 2 590 1 
10 1 1 0 32 2 520 1 
11 1 1 0 57 2 90 1 
12 2 2 2 32 (5) 2 950 1 
13 4 2 1 30 (14) 2 600 1 
14 1 1 0 49 2 100 1 
15 1 1 0 63 2 520 1 
16 1 1 0 42 2 280 1 
17 2 1 0 53 (1) 2 290 1 
18 1 1 0 62 2 320 1 
19 2 1 0 44 (30) 2 250 0 
20 1 1 0 53 1 130 1 
21 2 2 0 48 (11) 2 750 1 
22 2 1 0 53 (4) 2 250 1 
23 3 2 2 39 (14) 2 1950 1 
24 2 2 2 58 (4) 2 2700 1 
25 1 1 0 49 2 205 1 
26 3 2 0 46 (8) 2 270 1 
27 1 1 0 62 2 105 1 
28 1 1 0 50 2 350 1 
cow farm 
30 4 4 0 37 (14)    
31 9 8 0 38 (14)    
32 1 1 1 54    
33 2 1 1 60 (0)    
34 1 1 1 50    
non-exposed    
40-65 26 (one 
per work-
place) 
24 9 39 (14)    
amean age and s.d. (standard deviation are shown if more than one individual was sampled 456 
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FIGURE LEGENDS 458 
Figure 1. Alpha and Beta-diversity analyses of samples of pigs, air, pig farmers, cow farmers 459 
and non-animal exposed individuals. As for the alpha diversity, illustrated are A) the 460 
differences of richness (observed sequence variants (SVs)) and B) Shannon diversity indices 461 
based on sample types. As for the Beta diversity, illustrated are C) Unweighted (Jaccard) 462 
and D) Weighted (Ružička) distances in microbiota composition, reduced in a 2D-space by 463 
using NMDS, 95% confidence ellipse for the group centroid shown, In addition,  shown are 464 
the beta-dispersion based on E) Ružička and F) Jaccard dissimilarity indices in each sample 465 
type. The boxplots represent median (midline), interquartile ranges (shaded boxes), and 466 
ranges (whiskers). Different colours are indicated: orange (pig), blue (air), red (pig farmer), 467 
green (cow farmer) and purple (non-exposed). Significant differences within A), B), E) and F) 468 
are displayed with either * (p < 0.05), ** (p < 0.01) or *** (p < 0.001)  469 
Figure 2: Venn diagram showing unique and shared Sequence variants (SVs). Illustrated is 470 
A) the Venn Diagram showing the number of shared SVs between pig farmers, pigs and air 471 
and B) the Venn Diagram showing the number of shared SVs between pig farmers, cow 472 
farmers and non-exposed. Shared SVs were determined by identifying the total number of 473 
shared SVs between pig farmer, pig and air samples and between pig farmer, cow farmer 474 
and non-exposed samples. Pig farmers share more SVs with pigs and air than with cow 475 
farmers and non-exposed. 476 
Figure 3. Within and between pig farms dissimilarities measurements. Shown are A) the 477 
Unweighted (Jaccard) and B) Weighted (Ružička) distances in microbiota composition within 478 
farms (pairwise distances between sample types originated from the same farm) and in 479 
between farms- (pairwise distances between samples originating from different farms) 480 
dissimilarities.  The boxplot represents median (midline), interquartile ranges (shaded 481 
boxes), and ranges (whiskers). Significant differences are displayed with either * (p < 0.05), 482 
** (p < 0.01) or *** (p < 0.001). The dotted line separates the comparisons within and 483 
between sample types. 484 
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Figure 4. Sequence variants (SVs) associated with pig farming and differential SVs between 485 
anterior and posterior nasal samples. Illustrated are the 82 SVs which were significantly 486 
associated for pig farming (see text for details). Shown is A) a phylogenetic tree based on 487 
differences in their sequence reads (distance displayed at substitutions per site) and heat 488 
maps depicting relative abundances and frequencies for pig (n=56), air (n=27), pig farmer 489 
(n=56), cow farmer (n=17) and non-exposed (n=26). Assigned taxonomy (bacterial genus, 490 
order or family) for each SV is shown, too. The B) Forest plot displays the coefficients of 491 
pairwise differences between anterior and posterior nasal samples from pig farmers derived 492 
by Wilcoxon singed rank tests followed by Benjamini-Hochberg correction. Significant 493 
differences after multiple testing are illustrated (*) 494 
Figure 5: Alpha- and beta-diversity comparison calculated with DADA2 and mothur.  495 
Shown are A) the correlation analysis of richness values based on DADA2 and mothur, B) 496 
the correlation analysis of SDI values based on DADA2 and mothur, C) the Procrustes 497 
analysis of Jaccard dissimilarity calculated with DADA2 and mothur. Significant (P=0.001) 498 
correlation value indicated in figure, D) the bar chart of Procrustes residuals based on 499 
Jaccard dissimilarity calculated with DADA2 and mothur, E) the procrustes analysis of 500 
Ružička dissimilarity calculated with DADA2 and mothur. Significant (P=0.001) correlation 501 
value indicated in figure and F) the bar chart of Procrustes residuals based on Ružička 502 
dissimilarity calculated with DADA2 and mothur 503 
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